Real Estate Investment Trusts (REITs) are the only truly liquid assets related to real estate investments. We study the behavior of U.S. REITs over the past three decades and document their return characteristics. REITs have somewhat less market risk than equity; their betas against a broad market index average about .65. Decomposing their covariances into principal components reveals several strong factors. REIT characteristics differ to some extent from those of the S&P/Case-Shiller (SCS) residential real estate indexes. This is partly attributable to methods of index construction. Our examination of REITs suggests that investment in real estate is far more risky than what might be inferred from the widely-followed SCS series.
a single-or a multi-family residence. Residential real estate indexes such as those published by S&P/Case-Shiller® (SCS) are widely followed, but they are reported only monthly and are subject to some unavoidable difficulties. 1 The only truly liquid real estate related vehicle with high-frequency observability is the Real Estate Investment Trust or REIT. REITs are listed on major exchanges and are traded continually. Hence, their features should be of great interest to those who want to keep frequent track of their major investments. As proxies, REITs offer the opportunity to observe the likely behavior of all real estate prices if they were only observable. In this paper, we to provide comprehensive documentation for REIT return characteristics and compare them to the Case-Shiller indexes of residential real estate.
Compared to a broad-based equity index, the S&P500, REITs as a group have lower market risk (beta) but comparable total volatility. Their return distributions mostly display moderate negative skewness but very high kurtosis, which implies that they are emphatically non-normal, a result that we verify with formal tests. Their monthly returns are not very auto-correlated.
In contrast, SCS index returns are highly auto-correlated, probably because they are constructed as three-month moving averages. They also have much smaller total volatility, roughly one-fifth that of REITs. Like REITs, they are moderately left-skewed and non-normal and their betas are very small, only 1/20 as large as the betas of REITs. 2 To explain 90% of REIT return variance, five to six principal components are required. In contrast, only three principal components explain 90% of the variance in SCS index returns.
These and other details are reported numerically below after we first describe the data sources and provide summary statistics covering the two separate indicators of real estate investments.
II. Literature Review
Idiosyncratic risk is important for real estate in general and for REITs in particular. Investors in real estate tend to hold small undiversified portfolios due to the localized and segmented nature of the asset. Clayton and MacKinnon (2003) find that idiosyncratic risk for REITS is large and increasing over time. Ooi, Wang and Webb (2009) find that there is a positive risk and return relationship associated with idiosyncratic risk of REITs so the expected returns of real estate investors increase with idiosyncratic risk. Moreover REITS tend to have low levels of systematic risk, although this varies across assets (Gyuorko and Nelling, 1996; Peterson and Hsieh, 1997) .
There is considerable literature focusing on the risk profiles of REITS. Chan, Hendershott and Sanders (1990) use the macro-economic factors identified for equities by Chen, Roll and Ross (1986) and find that changes in risk, term structure and unexpected inflation drive both REIT and equity returns. Peterson and Hsieh (1997) explain REIT returns with the three Fama-French (1993) factors and Derwall, Huij, Brounen and Marquering (2009) add a momentum factor. See also Lizieri, Satchall and Zhang, (2007) .
However, there is some indication that broad equity factors are becoming less important for REITS and are being replaced by specific real estate factors (Clayton and MacKinnon, 2003) .
Since REITs are not subject to the dampening of volatility associated with real estate appraisals (Ross and Zisler, 1991) , an excellent case can be made that REITs are among the best available short-term proxies for real estate generally, even residential real estate.
REIT returns are non-normal and exhibit volatility clustering. Young and Graff (1995) find support for a mixtures distribution where the variance is not constant in contrast to the normal distribution. Lizieri, Satchall and Zhang (2007) identify and model excess kurtosis in REIT returns. (Excess kurtosis is related to fat-tails where the probability distribution for large returns exceeds that of the normal distribution.) Booth and Broussard (2002) find support for fitting the fat-tailed Fréchet distribution to REIT returns. In line with equities REITS returns exhibit conditional heteroskedasticity and volatility has been successfully modeled with many GARCH models (see long memory modeling with FIGARCH by Cotter and Stevenson, 2008) .
III. Data
Monthly return data and information about investment strategies are available for individual REITs from the UCLA Ziman Center for real estate. This information is also available now on the CRSP database from the Center for Research in Securities Prices at the University of Chicago. The data are available daily since 1969 but since we want to compare REITs and the SCS indexes, our analysis will be based mainly on monthly observations. REITs come in various flavors. As reported in Table 1 , there are three broad categories, equity, mortgage, and hybrid. Equity REITs are devoted to direct purchases of real estate requiring at least 75% of their total assets in income producing real estate properties. Mortgage REITs hold portfolios of loans backed by real estate collateral with at least 75% of their assets in residential mortgages, short and long term construction loans and mortgages in commercial properties.
Hybrid REITs are a combination of the two, investing in both properties and real-estate related loans. Within these categories, the REITs are further categorized by the main property types held or financed such as residential property. REITs are generally highly leveraged assets although there is considerable variation across REIT types. Overall they tend to have higher debt than ordinary firms. Mortgage REITs have higher debt than equity REITS. Leverage levels tend to be strongly related to the ratings of the debt with an increase in the number of investment grade debt offerings resulting in higher levels of debt. Jaffe (1991) offers further explanation for the high levels of REIT debt. He suggests REITs tend to be relatively small firms but their cost of debt is lower than similarly-sized ordinary firms. The investments of REITs in real property, which is associated with a high level of debt capacity, leads to more debt financing.
Over time, a number of legislative acts have responded to the changing investment environment and have allowed REITS more flexibility to meet new challenges. 3 Although REITS were introduced initially as an investment vehicle that allowed and encouraged small investor involvement, ,the role of institutional investors has increased over time. For instance, prior to 1980, 50% of REIT shareholding had to be held by groups of five or fewer individual investors, known as the 5/50 rule. However, these rules were relaxed over time and the average institutional ownership increased from 10% to 39% between 1981 and 2009. This included the Omnibus Budget Reconciliation Act (1993) that allowed pension funds to overcome the 5/50 rule (prior to the legislation they were treated as a single investor) by counting their own investors as individual investors. As a consequence REITs capitalization grew in the 1990s accompanied by increased interest from institutional investors.
REITS as a real estate investment vehicle offer some advantages. In contrast to other entities, they are exempt from corporate taxes. However, there are other rules that may offset the tax benefits. REITS must distribute a high proportion, usually over 90%, of their taxable income.
This restricts their ability to grow from internal funds. Also, some REITS that have been set up with pre-determined finite lives; these generally rely less on additional external funding and tend to have limited growth.
REITS also have a pronounced tendency to use external advisors to manage their assets. This is probably inherited from the Real Estate Investment Trust Act (1960), the original legislation that introduced REITs, which defined REITs as having multiple trustees as managers.
Perhaps the most confining restriction is a limit on the type of income a REIT can earn and the type of asset it can hold. But despite such limits, REITs have been generally profitable since the inception. year -is generally six to ten times larger than the mean itself. On average, betas are less than unity, thereby indicating smaller systematic risk than equities in general. Again, however, there is substantial cross-sectional variation. Also, it should be noted that betas exceed 1.0 in each of the last five sample years. This might be due to equity REITs becoming larger in number relative to presumably less risky mortgage and hybrid REITs. The betas for Equity REITs are greater than one for the last five sample years and are larger than corresponding values for Hybrid and Mortgage REITs (with the exception of 2004 where beta for Mortgage REITs is larger).
III.A. Descriptive Statistics.
To study the general characteristics of REITs and REITs in various categories, we form each month several value-weighted portfolio of individual REIT returns weighted by the market capitalization at the end of the prior month. One index covers all REITs, three others are for the broad equity, mortgage and hybrid groups, and six others were composed of specific property types. The first observation is for January, 1980 and the last available observation is in May, 2009. 4 The S&P/Case-Shiller® (SCS) Indexes were collected from February 1987 through May 2009. There were 14 city indexes available over the entire time period, 1980-2009 5 and a "National" index constructed as an aggregation of 10 of the major metropolitan areas. In addition to the 10 cities (Boston, Chicago, Denver, Las Vegas, Los Angeles, Miami, New York, San Diego, San Francisco, Washington DC) representing a ten-city composite, data is also available for Charlotte, Cleveland, Portland and Tampa. Time series plots of a sample of the series returns and conditional volatility (using a Garch (1, 1) model) are given in Figures 1 and 2 . Except for the Lodging Resort category, REIT returns are, on average, somewhat higher than the returns of the SCS indexes. This is particularly important because means are virtually immune to such problems as moving average-induced autocorrelation and spuriously low volatility. That is, over a long time period, the general drift in prices should be a valid indication of investment performance, regardless of the nature of short-term fluctuations. For example, the residential REIT index has a mean monthly return of 1.005%, slightly more than 12% per annum, while the SCS composite has a monthly mean of 0.372%, slightly more than one-third as large. This is something of a puzzle. In addition to the diverging magnitudes of returns for the respective real estate series, the smoothness of returns for the SCS series resulting from the moving average construction is further evidenced in Figure 1 .
REIT volatilities are much larger than SCS volatilities. Figure 2 illustrates the divergence in volatilities especially during the recent bear market. The ratio of volatility for All REITs relative to the SCS composite is 4.916/.907 = 5.42 for the full sample. This is a large difference but might be attributable to the moving average construction method of SCS. Clearly, the 4 The returns reported are nominal but excess returns and inflation-adjusted returns provide a similar picture. They are available from the authors upon request. 5 Twenty SCS cities are now included in their indexes, but only since 2000. 6 REIT results are presented first by REIT type and then by Property type. For REITS a condensed set of property types outlined in Table 1 are analysed as there is no price data available for Unknown property type and Mortgage property type. Moreover data is only available for Health Care property type since March 1984 and for Self Storage property type since November 1982. dramatically larger auto-correlation of the SCS returns have arisen, at least in part, for the same reason. To illustrate, applying the SCS method of a 3-month moving averages to the All REIT series brings a reduction in volatility to 2.871. Moreover, the auto-correlation of the moving average of the All REIT series increases to 0.712, similar to the SCS series.
The All REITs return has a beta of 0.625 against the S&P500, thereby indicating considerably smaller systematic market risk. Most REIT sub-categories are similar; indeed, their betas are all in the 60% range with the exception of Hybrid REITs (0.511) and Lodging Resort REITs (0.824). In sharp contrast, SCS betas are tiny, but again, this is attributable to some extent by their construction. For instance the beta from using a moving average of the All REIT series reduces to 0.211.
Except for Lodging Resort, all the REIT indexes have a moderate amount of negative skewness. This characteristic is shared by every one of the SCS indexes, one of the few statistics between the two sets of real estate indicators that are more or less in agreement. Kurtosis is moderately higher for REITs than for the SCS indexes, which is also reflected in the Jarque-Bera tests of normality. Every series is significantly non-normal and all have the thick tails typical of most asset returns.
III.B. Principal Components
Using the ten REIT index series and separately the 15 SCS series, we extract principal components from the covariance matrix of their concurrent monthly returns. 7 Figures 3 and 4 present "scree" plots for the narrow (disaggregated) set of REITs and SCS indexes, respectively.
A scree plots depicts the variance explained by successive principal components (PCs) ranked from left to right in descending order of variance explained. The bar gives the variance explained by the PC and the cumulative variance explained in percent is printed above each bar. 7 Principal Component Analysis (PCA) is actually completed twice. In the first case, we use all series to obtain residuals after removing common factors, thereby allowing for an analysis of the idiosyncratic risk associated with each series. Secondly, we examine the structure of the returns with PCA applied to a narrower set of series that excludes any aggregated series such as the SCS Composite 10. Except for the discussion involving residuals, we are referring to the latter PCA.
Comparing the figures, these two sets of real estate indicators again display some differences.
The first PC explains quite a bit more of REIT returns than it does for SCS returns; the same is true for the second PC. Moreover, it takes six PCs to cumulatively explain about 90% of SCS volatility while only three PCs are required to reach the same level of cumulative explanation for REITs. One possible explanation is that REITs are less heterogenous than residential real estate measured by the SCS indexes. The SCS indexes are geographically more diverse than REITs, which mix in properties from all over the country. On the other hand, REITs do include commercial properties of various types and also mortgages. So the empirical contrast is far from a foregone conclusion. Table 4 gives the factor loadings on the first 2 PCs for the separate indexes and the variance explained by the first 3 PCs for REITS and first 6 PCs for SCS indexes. The number of factors is chosen to explain 90% of the variance of the series. Across the REIT indexes, there is only minor variation in the first factor loading and in explaining the variance. The SCS numbers show more variation across cities. For example, Charlotte has only a 0.090 loading on the first PC while San Francisco's loading is 0.388. Charlotte's R-square of 0.566 (and its relatively small loading on the first PC) seems to suggest that its real estate market is partially segmented from the markets in other urban centers.
Correlations between these REIT factors and various candidate variables raises hope that the factors can be identified. There is a strong and significant correlation between the first REIT factor and the general stock market (corr = 0.591) as proxied by the S&P500 index. In contrast, the first SCS factor series is more related to industrial production growth (corr = 0.311), than to the stock market (corr = 0.170). The factors (2 nd for REITs and 4 th for SCS) for both sets of series respond negatively to changes in interest rates proxied by the 3-month US Treasury bill rate. The impact of interest rates is stronger for the SCS series (corr = -0.356 compared to corr = -0.194 for REITs).
III.C. Risk of Loss Measures.
Value-at-Risk is a widely used indicator of loss likelihood. It is mandated in some countries for financial reporting by institutions such as banks, in which case it covers the entire asset/liability portfolio. It can also be adapted to individual asset series such as our REIT indexes and the SCS residential indexes.
To obtain a risk of loss measure, one must first fit a probability distribution to the empirical series. When Value-at-Risk was first used, the Gaussian or normal was commonly employed as the fitted distribution; it is convenient since it is fully characterized by just two parameters, the mean and variance, which can be estimated easily from a sample of observations. We now know, however, that the normal distribution is a poor model for most financial asset returns and is particularly prone to large errors in Value-at-Risk. The main reason is that asset returns often have thicker tails than the normal and hence larger probability of extreme loss. As we have already seen, REITs and SCS depart significantly from the normal in this respect.
Consequently, we resort here to three alternative models of the return distribution based on fitting the actual historical observations.
The first model will be called EM for the Efficient Maximization algorithm fit to the unconditional distribution. As shown in Table 3 , excess kurtosis is present in all of the series.
This characteristic is typical of Gaussian mixtures with extensive regimes of small returns interspersed with occasional extremely large returns, thus giving rise to fat-tails. Each Gaussian distribution in the mixture would have its own mean and standard deviation while a fifth parameter is probability of being in one regime or the other (see Hamilton, 1994, pp. 685-689) .
The EM algorithm uses maximum likelihood estimates to determine the parameters (Dempster, Laird and Rubin, 1977) and the Bayesian Information Criterion (BIC) to determine model selection. In all cases except 4 (San Diego, Washington, Miami and Tampa) two mixture were identified as the optimal model incorporating regimes of low (high) volatility with a high (low) probability of occurrence.
The second model is the Generalized Pareto Distribution (GPD), which is often used to fit thicktailed empirical phenomena. The GPD relies on Extreme Value Theory. We adopt a Peaks over Threshold (POT) approach for its fit; (See Embrechts, Kluppelberg and Mikosch, 1997) . 8 This approach utilizes the realizations of a random variable X in excess of a high threshold u; such a realization is called an "exceedence." When u is large, as it would be for tail realizations of financial time series, the distribution of exceedances tends to a GPD. The GPD parameters, the shape and scale parameters of exceedences, are estimated using maximum likelihood. The GPD has proven successful in modeling the fat-tails characteristics for a number of financial instruments such as currencies and equity returns (e.g., Cotter and Dowd, 2006 ).
The third model is based on the Garch (1,1) [Bollerslev, 1986] fit to non-stationary volatility in the return series. It makes some sense to fit a Garch model to our series because non-stationarity in the parameters, particularly the variance, is often given as an explanation for the appearance of thick tails. For example, it is easy to show that a mixture of Gaussian distributions that cycles through several volatility regimes will have an unconditional thick-tailed distribution. Also we find significant ARCH effects for all series reported in Table 1. GARCH differs from EM in that it models some persistence in the conditional volatility. EM, in contrast, assumes that the volatility regime shifts randomly from period to period.
For each of these three models, we fit the empirical sample and derive distributional parameters (which are not reported for reasons of space.) Then, the risk of loss is calculated by examining the left tails of the fitted distributions and parameters.
We report two loss statistics. The first is simply the fractile of the loss distribution; i.e., it is the loss that is met or exceeded with a particular probability such as 1%. The 1% probability of loss is the 99% fractile of the fitted loss distribution in the sense that 99% of the time the return will be larger. 9 The second statistic is the average loss given that a particular loss fractile has been breached. This is the expected value in the left tail of the return distribution conditional on the return being lower than a particular fractile. Table 5 has the results. The numbers there are percentage losses so they are the negatives of the monthly realized returns. For example, the Generalized Pareto Distribution (GPD) produces an estimate of -27.539 percent for the average loss in the All REITs index given that its return has been less than or equal to -21.658%, the .999 loss fractile.
Thus, according to GPD, the All REITs index return will be less than -21.658% one month in every thousand (83 years and 4 months) and when this happens the average return will be -27.539% Table 3 shows that the mean monthly return of this index is 0.884% and its return standard deviation is 4.916%. Hence, a loss of -21.658% is 4.4 standard deviations below the mean. It should be noted that the .001 fractile of the Normal distribution is only 3.09 standard deviations below the mean, which would imply a return of "only" -14.3%. The reality is much worse than that depicted by an assumption that returns are Normally distributed. Note also the EM results tend to be small relative to the GPD and GARCH estimates. This is a result of the parameters of the mixtures distributions where the high volatility distribution has a very low probability of occurrence and results in the overall risk measures having lower magnitudes.
Pretty much the same story can be told for all the REIT indexes and for the SCS indexes as well (though the latter, of course, have much lower volatility.)
Much of the volatility in real estate is explained by broad market factors; indeed, as we have already seen in Table 4 , principal component factors explain 80 to 90 percent for both REIT and SCS indexes, with a few exceptions among the latter. However, individual real estate assets would also be exposed to idiosyncratic risk, particularly for many families whose home is the main, and undiversified, investment. Consequently, it is worthwhile to examine the distributions of residual or idiosyncratic risks, after common variation is excluded. To this end, we first calculate the residuals after regressing REIT returns on three PC factors and SCS returns on six PC factors, (based on the findings above.)
The remaining residual risk is important for many reasons. In the future, it may be possible to eliminate common variation using real estate futures. Even now, long short strategies commonly employed by hedge funds can be engineered to eliminate systematic risk. But residual risk remains in both cases.
The issue we examine here is the impact of the shape of tail distributions on real estate residual risk. This would be relevant, for instance, in computing value-at-risk for a hedge fund that follows a tailored long/short strategy. The same methods can be employed. Table 6 has the results.
To illustrate with an example, let's take the Unclassified REIT index, which Table 6 reports has a Generalized Pareto Loss Distribution .95 fractile of 3.462. Table 3 shows that this index has a total return standard deviation of 5.242 and a mean of 0.730 while Table 4 reports that its Rsquare on the PC factors is .903. The residuals' standard deviation is thus 5.242(1-.903) 1/2 or approximately 1.63, so the .95 fractile in Table 6 is 3.462/1.63 = 2.12 standard deviations below the mean residual (which is zero.) Five percent of the months, Unclassified REITs will have idiosyncratic (non-market) returns less than 3.462 percent but the Normal distribution would have indicated losses of only 1.65(1.63) = 2.69 percent. Again, as with raw returns, residual returns have thick tails relative to the Normal distribution although the magnitude of the risk is considerably smaller.
Conclusion
We study return data for U.S. Real Estate Investment Trusts (REITs) over the past three decades.
REITs have somewhat less market risk than other equity classes; their betas against a broad market index average about .65.
REIT characteristics differ to some extent from those of the S&P/Case-Shiller (SCS) residential real estate indexes. Broad REIT indexes are about five times more volatile than the SCS indexes and have three times higher returns on average. The associated risk of loss measures for REITS are also considerably higher than for the SCS series. Also, unlike SCS returns, REIT returns exhibit have very little autocorrelation. Extracting principal components from REIT and SCS returns reveals another difference; six factors are required to explain 90% of the volatility in SCS returns while only three factors are required for REIT returns. These distinguishing features must be partly attributable to differing methods of index construction. Risk of loss estimates are reported for three different models of the distribution of real estate index returns: (1) EM, the Efficient Maximization algorithm fit to the unconditional distribution;
(2) The Generalized Pareto Distribution (GPD); and (3) Garch (1,1). "Loss" is the negative of the loss distribution's fractile for the probability reported, which indicates the likelihood that the monthly observed return will exceed minus this level. "Average loss" is the negative of the expected return conditional on the loss exceeding the reported loss fractile. Risk of loss estimates are reported for three different models of the distribution of real estate index residuals: (1) EM, the Efficient Maximization algorithm fit to the unconditional distribution;
(2) The Generalized Pareto Distribution (GPD); and (3) Garch (1,1). "Loss" is the negative of the loss distribution's fractile for the probability reported, which indicates the likelihood that the monthly observed return will exceed minus this level. "Average loss" is the negative of the expected return given conditional on the loss exceeding the reported loss fractile. The residuals are obtained by fitting returns to the first three principal components for the REIT series and first six principal components for SCS series. For the six REIT indexes whose descriptive statistics are reported in Table 1 , excluding the aggregated series, a covariance matrix is formed using their concurrent monthly returns, January 1980 through May 2009. The scree plots depict the variance explained by successive principal components (PCs) with PCs ranked from left to right in descending order of variance explained. The bar gives the variance explained by the PC and the cumulative variance explained in percent is printed above each bar. For the 14 SCS indexes whose descriptive statistics are reported in Table 1 excluding the composite series, a covariance matrix is formed using their concurrent monthly returns, February 1987 through May 2009. The scree plots depict the variance explained by successive principal components (PCs) with PCs ranked from left to right in descending order of variance explained. The bar gives the variance explained by the PC and the cumulative variance explained in percent is printed above each bar. 
